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II. PROJECT DESCRIPTION 

A. Project Overview

Explosives represent a continuing threat to aviation security [1-4]. Dual-energy X-ray computed tomography 
(DECT) attempts to use the additional energy-dependent material information obtained by making multiple 
energy-selective measurements of attenuation. DECT methods estimate a small number of material-speci ic 
parameters at each image location and use them for material discrimination. A pair of commonly used pa-
rameters are the photoelectric and Compton coef icients, which are derived from a physics-based X-ray at-
tenuation model. Conventional DECT methods are mostly targeted at medical applications, which have fewer 
artifacts. In the security application, many different materials may be scanned in various degrees of clutter 
and metal objects are common. In this application, image noise and metal artifacts are more severe and can 
lead to less reliable estimates of the photoelectric and Compton coef icients. In this project, we developed 
a new structure-preserving dual-energy (SPDE) method for the formation of enhanced photoelectric and 
Compton coef icient images. This framework greatly reduces the noise and artifacts present in photoelec-
tric and Compton images compared to conventional DECT results. The improved images can lead to more 
accurate subsequent material and object identi ication, resulting in fewer false alarms, greater security, and 
reduced passenger inconvenience. 

B. Biennial Review Results and Related Actions to Address 

The strengths of the project are the ability to reduce artifacts found in traditional separate-channel recon-
struction methods, and the enhanced robustness of material speci ic information extraction. The weakness-
es of the project included the lack of speci ic transition pathways, the lack of milestones, and the lack of 
approaches for evaluation of competing methods.  We aim to address these issues in Year 4.  For transition 
pathways, we will continue our dialog with R. Krauss of the Transportation Security Laboratory (TSL) and the 
Department of Homeland Security Science and Technology Directorate (DHS-S&T) to transition models and 
methods to their task order, which is currently studying the value of multi-spectral CT sensing. In addition, 
Professor Castañón will spend part of next year at Lawrence Livermore National Laboratory (LLNL) with 
Harry Martz, where he can work on classi ied problems not available in a university environment, and identi-
fy opportunities for transition.  We have de ined milestones in Section II.E. Lastly, we have, and will continue 
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to evaluate alternative methods for these problems.

C. State of the Art and Technical Approach

Several DECT techniques have been suggested since the 1970s [6-8]. They are mostly targeted at medical 
applications and do not deal with the image artifact mitigation necessary for security applications [11-14]. 
In contrast to existing work, one aspect of this project developed a new structure-preserving dual-energy 
inversion method (SPDE) for the formation of enhanced photoelectric and Compton coef icient images for 
security needs. We form the images as the solution of an optimization problem which explicitly models the 
physical tomographic projection process. Metal induced streaking is reduced by appropriately down-weight-
ing unreliable data. A boundary-preserving prior based on [9] is incorporated to improve object localization. 
In particular, we estimate a mutual boundary- ield along with the photoelectric and Compton images. The 
boundary ield provides accurate object localization and allows smoothing inside the objects. 
The observed normalized log-sinogram data in DECT sensing follows the non-linear Beer-Lambert law [5-7]: 

where ws(E) is the spectral weighting used in the measurement; μ(x,E) is the linear attenuation coef icient 
(LAC) of the material at spatial location x; and energy E and Is(    )is the measurement along ray-path  
for spectral weighting s. Examples of LAC curves and spectral weighting functions are shown in Figure 1. 

The characteristics of the material at spatial location x are captured through the energy dependent function 
μ(x,E). Typically, this function is approximated as a linear combination of a few basis functions [9]. A com-
mon choice of basis functions in DECT are the photoelectric and Compton functions. The LAC representation 
in the photo-Compton model is given by:

Figure 1: Left: The linear attenuation coeffi  cient (LAC) curves of a few example materials. Right: Examples of spectral 

weighting functions ws(E) (normalized to unit sum).
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where fp(E), fc(E) are the photoelectric and Compton energy-dependent basis functions, and ap(x), ac(x), are 
the corresponding material-dependent coef icients at each spatial location x. The photoelectric and Compton 
basis functions, and coef icient pairs for a few example materials are shown in Figure 2. The goal is to sepa-
rate materials on the basis of their coef icient values. 

In many DECT methods, the goal is to reconstruct the coef icient images ap(x) and ac(x),  given the dual-ener-
gy tomographic projection measurements I1(l), I2(l). Since the problem is nonlinear and high-dimensional, a 
well-known solution approach is to separate it into two decoupled sub-problems. In the irst sub-problem, a 
nonlinear set of equations is solved for the basis coef icient sonograms,  Ap(l) and Ac(l), de ined as:

The second sub-problem is tomographic reconstruction of the basis coef icient images ap(x) and ac(x) from 
these sinograms. This reconstruction step is usually accomplished by applying iltered back projection (FBP) 
to each sinogram individually, and as such, mutual structure information is not used.
One focus of this work has been on improving the solution of the second sub-problem in DECT; i.e., recon-
struction of the basis coef icient images from the sinograms. This problem is related to the ield of multi-sen-
sor image fusion. Each basis coef icient sinogram may be regarded as observations obtained from a different 
measurement channel/modality. In our SPDE method, we utilize the mutual structure information and re-
construct the coef icient images jointly. In this way, object localization may be improved in both images. 

Figure 2: Top: The photoelectric and Compton basis functions. Bottom: A scatter plot of the photoelectric and Compton 

coeffi  cients of a few example materials. 
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The general formulation of SPDE in vector form is given by the following:

where s is a common mutual boundary ield; T is the tomographic projection operator; D is a derivative oper-
ator; Wz is a data weighting matrix; Wps and Wcs are weighting matrices derived from s; and λi  are non-neg-
ative regularization parameters. 

Three effects are explicitly captured in the formulation above. First, the scanner tomographic model T, cap-
turing the geometry of the data acquisition, is used. Inclusion of this model allows for the use of non-conven-
tional scanning geometries, as has been suggested recently for non-rotational or limited angle X-ray scanners, 
and links the measured sinograms to the property images. Second, explicit use is made of a mutual object 
boundary- ield s to mitigate and limit the propagation of artifacts as well as fuse information from both 
scans, thereby improving object delineation and suppressing streaks. Third, the sinogram data are weighted 
through Wz to reduce the effect of unreliable, low count rays caused by metal. The presence of explicit prior 
knowledge about artifact effects is important to improve the quality of the inal images. 
In our previous work, we extended the above multi-energy formulation to direct estimation of material la-
bels, but combined a dual energy learned appearance model with a Markov random ield material model. In 
the dual energy case this formulation becomes:

Where and are  the conventionally formed effective attenuation images obtained from measure-
ments with two different (high and low) spectral weightings; lx is the material label at pixel x; 

is the learned appearance model for material label lx at pixel x; vj are data weights which down-weight data 
points in the vicinity of metal; λ is a non-negative regularization parameter; and gMRF(l1, l2, …, lN, s) is an MRF 
smoothing term, which is based on an estimate of the image boundary ield s.  This MRF model captures 
local coherence of material labels and takes into account an estimate of object boundaries to further ensure 
label homogeneity within an object. 
During this past year, we extended this approach to learn spatially correlated models of the dual energy re-
constructions for different materials.  That is, using sample reconstructions that include regions with known 
materials, we learn the conditional probability distribution of the materials over a neighborhood patch that 
includes k pixels, as
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where μj
k,n  refers to the reconstructed attenuation at energy j for pixel number k in patch at location n.

In our work, we use patches consisting of 2 x 2 pixels, to better capture the special energy dependence. We 
then optimize the following energy function over the labels and patches:

where NN is the number of patches, and ϕ(ln,lj) is 0 if ln=lj, 1 otherwise.   The resulting optimization problem 
is a non-convex, discrete label problem, which is, in general, challenging to solve. To accomplish this opti-
mization, we developed an ef icient graph-cut method similar to the one we used previously for statistical 
models for individual pixels rather than patches. Such graph-cut methods have been popular in the computer 
vision land discrete optimization literature, but have not been used in this domain. These methods map the 
original optimization problem to an equivalent graph low problem, and a minimal cut of this graph provides 
the optimal solution when there are only two labels.  In our experiments, there are multiple labels, so we use 
a rotation method to obtain a solution.  These methods have shown great success in producing ef icient, near 
optimal solutions for very challenging discrete problems, and are well suited to our application. We call this 
method patch-based “learning-based object identi ication and segmentation” or patch-LOIS.

D. Major Contributions

The SPDE framework generates a uni ied, joint estimate of the coef icient images where object boundary 
information from both scans are combined to provide explicit preservation of region values and boundaries. 
In particular, the more robust Compton image information helps stabilize the more noise sensitive photoelec-
tric image. We have implemented a 2-D version of this framework and demonstrated results in reducing the 
artifacts in dual-energy photoelectric and Compton imagery on two representative slices using data generat-
ed for ALERT under Task Order 3 (TO3), an ALERT task known as Research and Development of Reconstruc-
tion Advances in CT-Based Object Detection Systems that was issued pursuant to a Basic Ordering Agreement 
with DHS . Figure 3 (on the next page) shows results obtained from 95kVp and 130kVp data obtained from 
the Imatron C300 CT scanner under TO3. The top row shows the results of conventional reconstructions of 
the photoelectric and Compton coef icients. The presence of metal causes severe streaking in the photoelec-
tric image, and shading and intensity variation in homogeneous regions of the Compton image. Such light 
and dark streaking can lead to object splitting in subsequent segmentation and labeling tasks of an ATR, 
compromising threat identi ication. In contrast, the bottom row shows our new SPDE method. The reduction 
of streaking artifacts is readily apparent, as is the improved uniformity of homogeneous object regions.
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A key important goal is to reduce the spread of material property values, which will produce improved classi-
ication outcomes. To this end, we plotted the photoelectric value versus the Compton value for three labeled 

materials to examine the impact of the new method on feature spread. Figure 4 shows scatter or cloud plots 
of the photoelectric mean versus Compton mean for different object materials. These points illustrate the 
potential for improvement in material separability possible with the new method. With SPDE, the material 
clusters become tighter relative to the conventional approach. Thus, SPDE shows promise for more accurate 
and reliable material classi ication results. 

Figure 3:  Two example slices from the Imatron data set for TO3. Top: Conventional FBP-based photoelectric and Comp-

ton reconstructions based on decoupled processing. Severe streaking and shading due to metal are evident. Bottom: 

New SPDE reconstructions. Reduction of streaking and improved uniformity of object regions demonstrated. 

Figure 4:  Cloud (scatter) plots of object photoelectric mean versus Compton mean following methodology in TO3. 

Each point corresponds to one object and ellipsoids correspond to 1-sigma line. Each color corresponds to a single ma-

terial. Tighter clustering of points means less variability of measured material properties and better ability to separate 

material. Left: Results with the conventional DECT method. Right: Results with SPDE. It can be seen that while there is 

still signifi cant variability, the spread of the three material groups has been reduced in the case of SPDE, which has the 

potential for more accurate material classifi cation.  
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To test the LOIS and patch-based LOIS learning-based graph-cut labeling method, we implemented a test 
scenario using the FORBILD19 phantom, modi ied to resemble the spectrum used by the IMATRON scanner. 
The phantom is commonly used in biomedical imaging experiments, and is easily modi ied to provide ground 
truth as well as representative data.  The phantom contains four materials: bone, water, iron and air.  We 
generated three different realizations, shown below in Figure 5, and using these realizations, we obtained 
measurements using two spectra: one at 95 KV peak, another at 135 KV peak.  Each of these measurements 
was used to generate a reconstructed iltered back projection image to get the dual-energy data. Based on 
these images, we trained a single-pixel appearance model, and a 2 x 2 patch-based appearance model.  

The results of our experiments are shown in Figure 6 (on the next page). The patch-based LOIS had sig-
ni icantly improved performance over the single pixel LOIS, in spite of its reduced resolution because of 
the patch size.  As the results indicate, the single pixel LOIS had dif iculty segmenting regions where metal 
artifacts contaminated the images.  In contrast, the patch-based algorithm did a better job of reconstructing 
coherent regions, albeit at a loss of some resolution, which is seen by the loss of resolution of the little air 
holes in the right center of the images.  

Figure 5: Top row: Classifi cations obtained using the patch-based LOIS algorithm.  Each model was trained on two 

instances, then used to classify the third image.  Bottom row: Classifi cations obtained using the single-pixel LOIS algo-

rithm.  Note that the top row images are much closer to the true images shown in Figure 6. 
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The above experiments indicate that using a learned appearance model with spatial correlation can lead to 
signi icant improvements over the use of independent single-pixel appearance models, even at the loss of res-
olution in the segmentation.   Notice that the approach we used was based on independent high-energy and 
low-energy reconstructions using iltered back projection algorithms with no major metal artifact reduction 
techniques. Hence, they are applicable to most dual-energy algorithms that are used in reconstructions.  The 
results should only improve on dual-energy data obtained using reconstructions such as those generated 
from SPDE or other more complex techniques with metal artifact reduction.  
An important aspect of the above results is that they did not require integration with segmentation informa-
tion from reconstructions such as SPDE, or even direct identi ication of metal masks in order to down weight 
information, as was done in LOIS20.  This suggests that integration of information into a spatially-correlated 
appearance model can lead to signi icant reduction in the use of heuristic tuning techniques aimed at reduc-
ing speci ic types of errors.  This hypothesis will be investigated further in our work in Year 4.

E. Milestones

The project, as originally envisioned, has reached the following major milestones:
1. Theoretical formulation of a novel SPDE joint reconstruction framework for artifact mitigation in 

dual energy CT.
2. Initial 2-D simulations to validate SPDE concept and re ine formulation.
3. Extension of SPDE formulation to real 2-D data from TO3.
4. Initial validation of SPDE on real 2-D scanner projection data. 
5. Formulation of LOIS integrated learning-based classi ication framework for dual-energy CT with 

integrated artifact mitigation.
6. Formulation of patch-based LOIS learning-based classi ication framework for dual-energy CT.
7. Initial controlled simulations of LOIS and patch-based LOIS to validate the concept and re ine for-

mulation in 2-D.
8. Application of LOIS to single slice dual-energy images using TO3 datasets.

Figure 6: Top row: The truth layout of  the 3 test cases for the phantoms, where brightness indicates intensity of linear 

attenuation coeffi  cient at 85 KeV.  Bottom row: fi ltered back projection images using high-energy measurements used 

for training the appearance models. 
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9. Extension of the LOIS method from 2D to a fully 3D approach.
10. Application of the LOIS method to multi-energy volumetric image data from TO3.

Year 4 and Year 5 milestones in this work include:
1. Extension of artifact mitigation SPDE algorithms - reconstruction framework from 2D to 3D.
2. Fusion of the artifact mitigation reconstruction and integrated labelling frameworks into discrete 

tomography framework.
3. Extension of patch-based LOIS to 3-D.  
4. Extension of SPDE framework to multi-energy sensing.
5. Computational acceleration of SPDE and LOIS implementation for sparse aperture illumination us-

ing graphics processing unit (GPU) architectures.

F. Future Plans

Our future plan during Year 4 is to merge the artifact mitigation developments under R4-C.1 and the robust 
reconstruction and recognition work under R4-B.4 and focus them on a new direction in advanced X-ray 
based checkpoint screening. In particular, this new direction would aim to address current limitations identi-
ied, for example, in TSA RFI HSTS04-15-RFI-CT7999, together with the requirements for the next generation 

checkpoint. These goals include enhanced screening with lower false alarms, higher throughput, and auto-
mated target identi ication. In addition, these goals need to be met with limited scanner footprint, weight, 
and cost. To accomplish this, scanners will need to create 3D images from limited numbers of views, and 
utilize novel, non-rotational geometries. We propose to incorporate the lessons learned from our previous 
projects to develop new algorithms for highly limited view tomographic reconstruction, artifact suppression, 
and uni ied learning-based object identi ication based on compressed sensing and coded-aperture methods 
coupled with powerful optimization solver approaches, such as ADMM.   One aspect of this work will exploit 
and adapt our previous work on non-conventional, limited geometry synthetic aperture radar reconstruction 
to these challenging security problems. We will focus on reducing the number of projection views needed for 
satisfactory reconstruction quality through the use of sparsity and compressed sensing methodologies. An-
other aspect of this work will focus on integrating classi ication and reconstruction in a uni ied process. Yet 
another aspect of this work will focus on development of robust material models from training data. 

III. RELEVANCE AND TRANSITION

A. Relevance of Research to the DHS Enterprise

This project is of relevance to the DHS enterprise because it is developing methods to mitigate image artifacts 
in X-ray based baggage sensing, serves to optimize information extraction from raw data, and provides tools 
to improve response to new threats. These approaches can reduce the number of false alarms, which in turn 
can reduce the need for OSARP and manual inspection. These concerns will grow as the use of multi-spectral 
X-ray scanning increases at the checkpoint.

B. Potential for Transition

Demonstration of improved performance of dual-energy CT systems.

C. Transition Pathway 

The novel methods developed in this effort are being disseminated to vendors through workshops and 
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through prior student engagement in summer internships.  The research was applied to TO3 validation data 
for proof of concept. In addition, as a result of the presentation of this work at the twelfth Advanced Devel-
opment for Security Applications workshop (ADSA12), TSL/S&T personnel (R. Krauss, R. Klueg) expressed 
interest in collaborating with us to see how these methods would perform on laboratory material samples. 
Further, R. Krauss requested the consultation of C. Karl with Peter Yim, a contractor to TSL/S&T working on 
multi-energy material discrimination. 

D. Customer or User Connections

• Ronald Krauss, Department of Homeland Security
• Robert Kleug, Department of Homeland Security
• Peter Yim, Signature Science; Contractor to DHS S&T

IV. PROJECT ACCOMPLISHMENTS AND DOCUMENTATION

A. Education and Workforce Development Activities

1. Course, Seminar, and/or Workshop Development
a. See Section IV.C below.

B. Peer Reviewed Journal Articles 

1. L. Martin, A. Tuysuzoglu, W. C. Karl, P. Ishwar. “Learning-based object identi ication and segmenta-
tion using dual-energy CT images for security,” IEEE Transactions on Image Processing, Vol. 24, No. 
11, November 2015.

C. Peer Reviewed Conference Articles 

1. A. Tuysuzoglu, Y. Khoo, W. C. Karl. “Variable Splitting Techniques for Discrete Tomography,” Proc. 
IEEE International Conference on Image Processing, Phoenix, Arizona, September 25-28, 2016.

D. New and Existing Courses Developed and Student Enrollment

New or 

Existing

Course/Module/

Degree/Cert.

Title Description Student 

Enrollment

Existing Course Image reconstruction 

and restoration

Graduate course on image formation 15

E. Requests for Assistance/Advice

1. From DHS
a. Request from Ronald Krauss to help contractor Peter Yim with a project on multi-energy mate-

rial discrimination.
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